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e Multiplicative Gate Units
* Figures from (Chung et al., 2014) * Figures from (Mikolov et al., 2015)
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Vision Language

Deep CNN  Generating
RNN
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A group of people
shopping at an
outdoor market.

There are many
vegetables at the
fruit stand.

Figure from the original paper [Show and Tell: A Neural Image Caption Generator

(Vinyals et. al., 2014)]

 New York Times Article: Researchers Announce Advance in Image-

Recognition Software



http://www.nytimes.com/2014/11/18/science/researchers-announce-breakthrough-in-content-recognition-software.html?_r=0
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(Recursive Neural Networks)
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